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Introduction

One of the major objectives of the experimental
programs at the LHC is the discovery of new physics

Machine Learning: "application of artificial
intelligence that provides systems the ability to
automatically learn and improve from experience
without being explicitly programmed”

It has become one of the most powerful techniques
for High Energy Physics (HEP) data analysis

It greatly enhances our ability of identifying
signal from background: important for
discovery of HH
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Back to Higgs discovery era



CMS H—vyy analysis (2012)

Select events with two photons
->Train Diphoton MVA using signal and background MC

* |nput variables: kinematics and (BDT-based) photon
ID MVA of each photon, (BDT-based) vertex
probabillity, etc.

-> Separate events to categories based on BDT score
(which is to the first order independent of diphoton mass)

=>Fit diphoton mass over all categories

Signature: a narrow resonance above a smooth
background (QCD yy production, etc.)

—>Measure signal strength, etc.
Better than cut-based analysis by 15%
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CMS H—bb analysis (201

- Large branch ratio (~58%)

- Huge background, tackled by requiring
associated particles and machine learning

VH—-Vbb

Reconstruct Higgs as two small-radius b-tagged jets
Tag leptonically decaying W/Z boson

Main bkg: V+heavy flavor, tt

Train BDTs using kinematics of V and H candidates
(e.g. mpp reconstructed by regression)

Fit the shape of the BDT output distribution
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Al-based event classification
In Run-2 HH analyses




Higgs boson self-couplings

Higgs self-coupling is one of the deepest questions of SM and may provide
a portal to new physics beyond it

Vacuum stability, early universe evolvement, ...

Double Higgs production is the way to directly probe Higgs self-couplings
at the LHC

Extremely low cross-section in the SM

Non-SM self-coupling strength can change cross-section and kinematics of double Higgs
production

Higgs boson pair production
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ATLAS HH—bbyy analysis (2023)

Events
2 high pr photons,
> 2 b-jets

Low mass High mass
JHEP 01 (2024) 066 Target BSM Target SM

Train BDT Train BDT

my < 350 GeV

Signal: ggF HH k; = 6 Signal: ggF HH Kk, = 1
Bkg: yy + J,single H Bkg: yy + J, single H

my > 350 GeV

Low BDT score High BDT score Low BDT score High BDT score

Low mass o} gh m: High mass
BDT tight BDT loose BDT tight
3 B category g ~atege category

®* BDT is trained with XGBoost to distinguish between HH and background

® Inputs include kinematic variables of photons & b-jets, as well as:

® kinematic variables of VBF-jets which are identified by BDT-based tagger

® event-level variables such as mass(bbyy) and “topness” XWt:mm\/(

mij, j, —mw

mw
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ATLAS HH—bbyy analysis

(2023)
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+ Both HHH and HHVV couplings are optimized
+ HHH coupling strength: -1.4<k)<6.9; HHVV coupling strength: -0.5<koy<2.7
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Use of deep learning
with low-level inputs




CMS non-resonant boosted HH—bbbb analysis (2022)

+ Focus on phase space region where both Higgs bosons are highly Lorentz boosted

+ Reconstruction and identification of b quark pair from Higgs decay is achieved with
ParticleNet, a graph neural network algorithm

»+ Using PF candidates and secondary vertices as inputs, yielding substantial gains
over other approaches
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CMS non-resonant boosted HH—bbbb analysis (2022)

+ HH candidate mass is taken as final discriminant
» Constrains the H self-coupling strength and the quartic VVHH coupling strength kov
+  Excluding k2v=0 for the first time, with a significance of 6.30

. 138 fb' (13 TeV)
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CMS non-resonant boosted HH—bbVV analysis (2024)

Extend to a large array of i acrori
final states, including H—=VV, .
all-hadronic, and semi- R
leptonic modes
Global Particle Transformer an
algorithm (GloParT) uses (bW
learned “attention” to give o
more weight to certain o
particles in order to infer the
origin of jets

QCD
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https://cds.cern.ch/record/2904879

CMS non-resonant boosted HH—bbVV analysis (2024)

- Enables a new search for boosted HH — bbVV — bb4q
- established ParticleNet mass-decorrelated tagger for H — bb jets
- new high-performing GloParT tagger for H — VV jets

* Provides second-best constraint on HHVV coupling Kav
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Al-based event classification
In heavy resonance searches




CMS X — Y(bb)H(yy)

my < 300GeV my = [300-500] GeV  my > 500 GeV

CAT 0=0.63-1.0
my < 500 GeV CAT 1=0.33-0.63
CAT2=0.17-0.33

+  Six exclusive kinematic regions are defined based on o
hypOtheSised ValueS Of M x and my my = [500-700] GeV CAT1=040-055 CAT 1= 0.35-0.60

CAT2=0.21-040 CAT2=0.18-0.35

*In each kinematic region, a BDT with 3 output classes | | ., S0zssme carocpsne Carospes
(2 for baCkgroundS and 1 for Slgnal) IS tralned CAT2=0.21-0.30 CAT2=0.18-0.24 CAT 2 =0.13-0.29
- all contained signal samples and the two

background samples are used with equal weight _ CMs  138(13TeV),

) ) ) ) ) 800: Limits below theoretical cross section = Lzé

» |In each kinematic region, 3 event categories are gggg_ SN 53

defined based on output of corresponding BDT | a1

| T §>.

- for each mx hypothesis, signal is inferred from a fit 300/ - 075
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CMS X — H(bb)H(

CMS 138 fb~! (13 TeV)
e PRERN Lk
-5109 ¢ Data W+)ets
2 A Ragion (400GeV) Ot
- DNNSs feature output nodes for a number of o R bt SO N
backgrounds and one signal node 5
- DNNs are trained on all signal samples; they are 10
parameterized in nominal signal mass e BSOS
~ 1.0
- DNN architecture is complemented by a Lorentz Y SESERE HOUIURE] Ot |

DNN score bin (a.u.)

Boost Network acting as input preprocessor

. . CMS 138 fb' (13 TeV)
. takes four-vectors of reconstructed particles as OETT T T
—— Bulkradion A=1TeV  FEERE + 16 expected

====- Bulkradion A=3TeV  ====-+20c expected

Input and creates additional observables

- Depending on the highest scoring node, events are
subdivided into signal and background categories

» signal extraction is performed by a fit to DNN
output distributions

95% CL upper limit onc(pp— Xspin_0—> HH) (fb)

300 400 500 600 700 800 900

arxiv:2403.09430 M, (GeV) 17
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ML-based background modeling



ATLAS HH—bbbb analysis (2023)

VBF Selection

(1) (6)

Pass trigger class (Ipi)r < 65 GeV Yes\)
No
No

(7.VBF) (8.VBF) (9. VBF)
Yes YeS Xwt > 1.5 > Xuu< 1.6 > muH > 400 GeV > VBF SR
Yes Yes Yes

(5)

(2) VBF Jets

> 4 central jets |An;i| > 3,

mj > 1 TeV
Yesl YesT

(7.g8F) (8.g8F) (9. g8F)
1| lanmi<s | Xwe> 15 | Xen<16 > 88FSR
(3) (4) Yes Yes Yes
>4 b-tagged [——> =26centralor No
central jets Yes forward jets

ggF Selection

»+ Analysis selection: cut-based, 4b
+ Background events : 90% from multi-jet and 10% from ttbar
» modeled using a fully data-driven technique

Phys. Rev. D 108 (2023) 052003
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ATLAS HH—bbbb analysis (2023)

;‘ = l Il 0 I L | | TR L il Inmlial | el I— r3n ; B I Iesulim] | Iiainm] | T UL | iEsglizml | IR Iemizenl | I |_ g‘l
) E S m— = — () - . . = = —
®, [ ATLAS SR 7 [Ms0% & [ ATLAS Simulation SR 1 W .3
o 180 513 Tev, 126 fb-! —== (Cafm = o 180 /5 _13Tev, 126 fb- ——— @y =
= - ggF selection, Xy > 1.5 - > D = —  ggF selection, Xy > 1.5 N - —~
- - CR2 - - 99 ———— . ®
160 EEm—— - 400 O 160 4P Signal ~ Chels s o
E ] < B ] <
= = " - . 0.25 1
140_— = 140 — |
E d 300 E ]
= _ B 1 0.20
120:‘ S5 120 — -
- - B j 0.15
100 = = it 1001— o
E ] [ B 0.10
80— — i 5
E . 100 80_ =
| ! i 0.05
= 60 — —
60 80 l I1 (l)ol : I1 éol : I14|’0I I |1 éol I I1éol l l2()(:) B | L[] | o | | | i PSS | [ £ | | | ] e | (L] l (L] 1 O 00
. 60 80 100 120 140 160 180 200 '
My [GeV] My [GeV] =
. . > Pap (X)
- Reweight 2b events to estimate 4b events w(x) = —
Pop (X)

- Weights are derived by an artificial neural network (NN)
iIn CR1 (for nominal) and CR2 (for systematic)

with kinematic variables that exhibit larger differences between the 26 and 45

- To estimate systematic of varying initial conditions and limited size of training samples,
construct a set of training datasets by sampling from original dataset

Phys. Rev. D 108 (2023) 052003
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ATLAS HH—bbbb analysis (2023)
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Reweighed 2b distributions agrees 4b distributions in CR1
Background procedure was tested with simulation samples

- Also tested in several control data samples

2b and 4b events with |Anyy | > 1.5

2b and 4b events with shifted center of SR
events with exactly 3 b-tagged jets plus 1 central jet failing b-tagging requirement

Phys. Rev. D 108 (2023) 052003
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ATLAS HH—bbbb analysis (2023)
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+ “The sensitivity of the analyses is improved relative to

previous iterations by using more sophisticated
background modeling techniques...” :-)

+ No evidence of signal is found :-(

Phys. Rev. D 108 (2023) 052003

- I T 1T 1 I T 1T 1 I | I L I L l T T I L I -]
- ATLAS [ ] Post-Fit Background_-
E_ Vs =13TeV, 126 fb™! N\ Stat. + Syst. Error
~ ggF Signal Region =
= |ANu|> 1.0, Xp < 0.95 +  4bData =
- 400 x SM HH =
E 200X Kx=6HH -
= S 3
- R -
e I =
- - . =
I —O—Iﬁ | I | e | S | | | S | | | N I s s s e s e -~

| | L L L I | L I 1T 177 I L L I L I | I T _
- \ +v§—+:?\—\_\‘{ﬁ\ t\\\-\-él\cv:_"\_\ N\ \\\\\_\‘ ’\\T\T\“\\_\\\\\ N\ i
i —— B
: I L1 1 1 I L1 1 1 I IS s D | I L1 1 1 I | I I | I | I | I | | I :
300 400 500 600 700 800 900 1000
My [GeV]

Source of Uncertainty Au/u

Theory uncertainties

Theory uncertainty in signal cross-section —9.0%

All other theory uncertainties —1.4%

Background modeling uncertainties

Bootstrap uncertainty —7.1%

CR to SR extrapolation uncertainty —7.5%

3b1f nonclosure uncertainty —2.0%
22
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Summary

- Machine Learning greatly enhances our
ability of identifying signal from
background: important for discovery of HH

+ Lots of recent progress at ATLAS and CMS:
» deep learning particle/event reconstruction
+  ML-based background modeling
- eflc.

- And there are much more to come!
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ZZ/ZH — 4b

Search for ZZ and ZH production in 4b final state

Benefits from a multiclass multivariate classifier, i
which uses convolutions to solve combinatoric

jet pairing problem, and has been designed with

an architecture customized to 4b final state

Observed (expected) upper limits on ZZ — 4b
and ZH — 4b production cross sections

correspond to 3.8 (3.8) and 5.0 (2.9) times SM

prediction, respectively

Analysis techniques directly applicable to the HH

— 4b analysis
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